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The	
  Context	
  

•  Data	
  is	
  central	
  to	
  NSF	
  research	
  
•  Sta=s=cal	
  sciences	
  +	
  computa=onal	
  resources	
  
+	
  disciplinary	
  developments	
  

•  Heightened	
  aFen=on	
  to	
  data	
  analysis,	
  
predic=on	
  	
  

•  Focus	
  on	
  reproducibility,	
  reliability	
  of	
  
inferences	
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  3.	
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1.	
  Introduc?on	
  

•  SubcommiFee	
  of	
  MPS	
  AC	
  	
  	
  	
  	
  [17	
  members]	
  

•  Charged	
  by	
  MPS	
  AD	
  [w.	
  support	
  of	
  all	
  ADs]	
  to	
  	
  
	
  	
  “to	
  examine	
  the	
  current	
  structure	
  of	
  support	
  of	
  the	
  
sta1s1cal	
  sciences	
  within	
  NSF	
  and	
  to	
  provide	
  
recommenda1ons	
  for	
  NSF	
  to	
  consider”	
  

•  Charge	
  mandates	
  NSF-­‐wide	
  scope:	
  
– Membership	
  and	
  input	
  from	
  each	
  Directorate	
  AC	
  
– AC	
  input	
  sought	
  before	
  report	
  is	
  finalized	
  [May-­‐June]	
  

5	
  



2.	
  Data	
  Science	
  in	
  NSF	
  context	
  

Our	
  defini1on:	
  
“Data	
  Science:	
  	
  the	
  science	
  of	
  planning	
  for,	
  acquisi1on,	
  
management,	
  analysis	
  of,	
  and	
  inference	
  from	
  data”	
  

Our	
  context:	
  
	
  Data	
  science	
  and	
  the	
  enhanced	
  applica1on	
  of	
  data	
  

science	
  at	
  NSF	
  
	
   	
   	
   	
   	
   	
   	
   	
  	
  

Mo=vated	
  by	
  NSF	
  Strategic	
  Plan	
  and	
  ini=al	
  discussions	
  with	
  ADs	
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2.	
  Data	
  Science	
  at	
  NSF	
  ctd.	
  

•  requires	
  broad	
  set	
  of	
  skills	
  &	
  perspec=ves	
  
– Mathema=cs,	
  sta=s=cs,	
  computer	
  science,	
  domain	
  
specific	
  exper=se	
  

•  Challenges	
  at	
  all	
  scales	
  of	
  data	
  
–  ‘Big	
  data’	
  is	
  a	
  vast	
  ongoing	
  arena,	
  but	
  	
  
– NSF	
  should	
  also	
  embrace	
  the	
  ‘long	
  tail’	
  of	
  projects	
  
of	
  smaller	
  size:	
  new/complex	
  data	
  types	
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3.	
  Some	
  underlying	
  challenges	
  

•  Growth	
  of	
  Data	
  Science	
  
– McKinsey	
  forecast	
  of	
  shortage	
  

•  Fragmenta=on	
  of	
  Data	
  Science	
  at	
  NSF	
  
– duplica=on,	
  ‘cracks’,…	
  

•  Research	
  quality	
  
– use	
  the	
  best	
  data	
  science,	
  reproducibility,…	
  

•  Mul=-­‐disciplinarity	
  of	
  Data	
  Science	
  
– effec=ve	
  collabora=on	
  and	
  training	
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4.	
  Dra-	
  Recommenda?ons	
  

•  Recommenda=ons	
  in	
  four	
  categories:	
  

I.  NSF	
  Organiza=on	
  

II.  NSF	
  Research	
  Ini=a=ves	
  
III.  Workforce	
  Development	
  

IV.  Proposal	
  and	
  Review	
  Cycle	
  

•  Input	
  sought	
  before	
  report	
  is	
  finalized	
  [May-­‐July]	
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I.	
  NSF	
  Organiza?on	
  

1.	
  	
  Coordinate	
  Data	
  Science	
  across	
  NSF	
  in	
  a	
  way	
  that	
  
engages	
  all	
  Directorates.	
  	
  

Including:	
  

Coordinate	
  current	
  efforts	
  across	
  NSF	
  involving	
  data	
  science	
  

Iden=fy/mi=gate	
  fragmenta=on	
  of	
  data	
  science	
  research.	
  

Develop/lead	
  new	
  cross-­‐directorate	
  ini=a=ves	
  involving	
  DS	
  	
  [Examples]	
  

Develop	
  policies	
  to	
  increase	
  the	
  quality	
  of	
  science	
  through	
  proper	
  use	
  of	
  DS.	
  

Improve	
  representa=on	
  of	
  DS	
  experts	
  on	
  review	
  panels,	
  	
  …	
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“Coordinate	
  Data	
  Science	
  across	
  NSF…”	
  

Some	
  possible	
  mechanisms:	
  
•  Office	
  of	
  Data	
  Science	
  [e.g.	
  NIH]	
  
•  Data	
  Science	
  Working	
  Group	
  [e.g.	
  SEES]	
  
•  Cross-­‐founda=on	
  leadership	
  group	
  

(cont’d):	
  

Develop	
  funding	
  models	
  to	
  include	
  data	
  scien=sts	
  in	
  cross-­‐disciplinary	
  
research.	
  

Connect	
  with	
  emerging	
  educa=on	
  efforts	
  focusing	
  on	
  DS	
  

Study	
  reproducibility	
  issues	
  in	
  NSF	
  funded	
  science	
  

Track	
  data	
  science	
  funding	
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II.	
  NSF	
  Research	
  Ini?a?ves	
  

2.	
  	
  Create	
  new	
  ini?a?ves	
  that	
  embrace	
  and	
  
address	
  the	
  cross-­‐cuRng	
  challenges	
  of	
  data	
  
science.	
  
– Examples	
  in	
  Sec=on	
  4	
  

3.	
  	
  Provide	
  mechanisms	
  for	
  enhancing	
  the	
  
par?cipa?on	
  of	
  data	
  scien?sts	
  in	
  data	
  science	
  
ac?vi?es	
  in	
  interdisciplinary	
  seRngs	
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III.	
  Workforce	
  Development	
  	
  

4.   Ini?ate	
  a	
  major	
  thrust	
  to	
  support	
  	
  
•  graduate,	
  postdoctoral	
  and	
  early	
  career	
  

fellowships	
  and	
  awards,	
  	
  

and	
  develop	
  appropriate	
  programs	
  to	
  expand	
  

•  	
  undergraduate	
  exposure	
  to,	
  and	
  	
  

•  	
  K-­‐12	
  awareness	
  of	
  data	
  science.	
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IV.	
  Proposal	
  and	
  Review	
  Cycle	
  	
  

5.   When	
  appropriate:	
  	
  
•  	
  in	
  proposals,	
  require	
  a	
  data	
  analysis	
  plan	
  

and	
  a	
  disclosure	
  management	
  plan,	
  and	
  	
  

•  	
  	
  	
  in	
  review,	
  ensure	
  that	
  there	
  is	
  adequate	
  
	
  	
  	
  	
  	
  	
  data	
  science	
  representa?on	
  on	
  panels.	
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DISCUSSION	
  

•  Recommenda=ons	
  in	
  four	
  categories:	
  

I.  NSF	
  Organiza=on	
  

II.  NSF	
  Research	
  Ini=a=ves	
  
III.  Workforce	
  Development	
  

IV.  Proposal	
  and	
  Panels	
  

•  Input	
  sought	
  before	
  report	
  is	
  finalized	
  [May-­‐July]	
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Supplementary	
  Slides	
  

•  Slides	
  giving	
  more	
  details	
  	
  

16	
  



Data	
  Science	
  in	
  the	
  NSF	
  Context	
  

•  Projects	
  focusing	
  on	
  data	
  science	
  as	
  
fundamental	
  research	
  area	
  vs.	
  use	
  of	
  exis=ng	
  
DS	
  tools	
  to	
  advance	
  a	
  domain	
  research	
  project.	
  

•  CommiFee	
  believes	
  NSF	
  engagement	
  with	
  DS	
  
should	
  address	
  both	
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Data	
  Science	
  in	
  the	
  NSF	
  Context:	
  
Examples	
  of	
  Research	
  Topics	
  within	
  DS	
  
•  Methods	
  to	
  design	
  data	
  collec=on	
  
•  Cleaning	
  and	
  preparing	
  data	
  
•  Data	
  reduc=on	
  
•  Biases	
  in	
  data	
  collec=on	
  
•  Es=ma=on/inference/learning/discovery	
  from	
  data	
  
•  Iden=fying/exploi=ng	
  similarity	
  in	
  data	
  methodologies	
  across	
  

disciplines	
  
•  Causal	
  inference	
  
•  Reliability	
  of	
  inferences	
  from	
  data	
  
•  Integra=ng	
  network	
  analysis	
  with	
  other	
  methods	
  of	
  data	
  

analysis	
  
•  Searching	
  through	
  large/complex	
  data	
  sets	
  
•  Mul=ple	
  media/distributed	
  sources	
   18	
  



Data	
  Science	
  in	
  the	
  NSF	
  Context:	
  
Examples	
  of	
  Research	
  Topics	
  within	
  DS	
  
•  Decision	
  analysis	
  in	
  presence	
  of	
  uncertainty	
  
•  Data-­‐driven	
  modeling	
  and	
  simula=on	
  
•  Uncertainty	
  quan=fica=on	
  
•  Reproducibility	
  in	
  analyses	
  of	
  data	
  
•  Privacy	
  and	
  bounded	
  informa=on	
  disclosure	
  

•  Data	
  sharing	
  
•  Computa=onal	
  tools	
  and	
  sooware	
  infrastructure	
  for	
  all	
  of	
  the	
  

above	
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Data	
  Science	
  in	
  the	
  NSF	
  Context:	
  
Examples	
  of	
  Research	
  Topics	
  Involving	
  

Applica=on	
  of	
  Data	
  Science	
  
•  Adap=ng	
  and	
  deploying	
  a	
  DS	
  method	
  in	
  a	
  non-­‐rou=ne	
  way	
  

•  Transference	
  and	
  adapta=on	
  of	
  exis=ng	
  methodology	
  across	
  
fields	
  

•  Development	
  of	
  widely-­‐applicable	
  community	
  sooware	
  

•  Development	
  of	
  new	
  DS	
  methods	
  within	
  context	
  of	
  a	
  par=cular	
  
domain,	
  with	
  poten=al	
  for	
  transference	
  to	
  other	
  domains	
  

•  Promo=on	
  of	
  interdisciplinary	
  teams	
  	
  

•  Enabling	
  the	
  sharing	
  of	
  sooware	
  
•  Presenta=on	
  of	
  data	
  that	
  enables/simplifies	
  alterna=ve	
  

analyses	
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NSF	
  Organiza?on	
  
Recommenda)on:	
  Coordinate	
  Data	
  Science	
  across	
  NSF	
  in	
  a	
  

way	
  that	
  engages	
  all	
  Directorates.	
  	
  
•  Goals:	
  
– Address	
  unevenness	
  in	
  addressing	
  DS	
  across	
  NSF	
  
– Aid	
  in	
  effec=ve	
  	
  communica=on	
  of	
  DS	
  successes	
  from	
  
one	
  area	
  to	
  another	
  

– Avoid	
  duplica=on	
  of	
  effort	
  
–  Provide	
  cross-­‐directorate	
  leadership	
  
–  Create	
  organiza=onal	
  structure	
  thru	
  which	
  the	
  
leadership	
  can	
  act	
  to	
  achieve	
  goals	
  

•  Specific	
  mechanisms:	
  The	
  CommiFee	
  believes	
  that	
  people	
  
on	
  the	
  ground	
  at	
  NSF	
  are	
  in	
  best	
  posi=on	
  to	
  decide	
  how	
  to	
  
organize	
  such	
  an	
  effort	
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New	
  Research	
  Ini?a?ves	
  
Recommenda)on:	
  Create	
  new	
  ini?a?ves	
  that	
  embrace	
  and	
  
address	
  the	
  cross-­‐cuRng	
  challenges	
  of	
  data	
  science.	
  
•  Examples	
  of	
  poten=al	
  new	
  ini=a=ves:	
  

–  Cross-­‐directorate	
  ini=a=ve:	
  iden=fying	
  overlap	
  in	
  DS	
  
methods	
  in	
  different	
  fields,	
  and	
  finding	
  mechanisms	
  to	
  
enhance	
  tech	
  transfer	
  between	
  fields	
  

–  Reproducibility	
  of	
  computa=onal	
  science	
  
–  Theory	
  and	
  analysis	
  of	
  massive	
  data	
  sets	
  and	
  streams	
  

–  Programs	
  in	
  	
  computa=onal	
  sta=s=cs	
  and/or	
  applied	
  
sta=s=cs	
  –	
  methodologies	
  useful	
  in	
  more	
  than	
  one	
  
discipline	
  

– Uncertainty	
  quan=fica=on	
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Enhancing	
  Par?cipa?on	
  of	
  Data	
  
Scien?sts	
  in	
  Interdisciplinary	
  SeRngs	
  

Recommenda)on:	
  Provide	
  mechanisms	
  for	
  enhancing	
  the	
  
par?cipa?on	
  of	
  data	
  scien?sts	
  in	
  data	
  science	
  ac?vi?es	
  in	
  
interdisciplinary	
  seRngs	
  	
  

•  Some	
  examples	
  of	
  poten=al	
  new/enhanced	
  programs:	
  
– New	
  ini=a=ves	
  to	
  support	
  direct	
  involvement	
  of	
  data	
  
scien=sts	
  in	
  interdisciplinary	
  teams	
  

– More	
  joint	
  programs	
  between	
  NSF	
  and	
  other	
  agencies	
  
needing	
  new	
  DS	
  (NIH,	
  DoD,	
  DHS,	
  Census	
  Bureau,	
  …)	
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Enhancing	
  Par?cipa?on	
  of	
  Data	
  
Scien?sts	
  in	
  Interdisciplinary	
  SeRngs	
  
Recommenda)on:	
  Provide	
  mechanisms	
  for	
  enhancing	
  the	
  
par?cipa?on	
  of	
  data	
  scien?sts	
  in	
  data	
  science	
  ac?vi?es	
  in	
  
interdisciplinary	
  seRngs	
  	
  
•  Some	
  examples	
  of	
  poten=al	
  new/enhanced	
  programs:	
  

–  Programs	
  to	
  enhance	
  community	
  awareness	
  of	
  possible	
  
funding	
  thru	
  cross-­‐cuqng	
  ini=a=ves	
  at	
  NSF:	
  
 Workshops	
  org	
  by	
  professional	
  socie=es,	
  mul=-­‐
disciplinary	
  ins=tutes	
  

 Educa=ng	
  the	
  community	
  about	
  DS	
  opportuni=es	
  at	
  NSF	
  
outside	
  of	
  specific	
  programs	
  in	
  divisions	
  

 Infrastructure	
  building	
  programs	
  	
  
 More	
  effec=ve	
  use	
  of	
  Dear	
  Colleague	
  LeFers	
  

–  Different	
  models	
  of	
  research	
  support	
  (e.g.,	
  contests	
  to	
  
address	
  DS	
  problems	
  cuqng	
  across	
  fields)	
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Workforce	
  
Recommenda)on:	
  Ini?ate	
  a	
  major	
  thrust	
  to	
  support	
  graduate,	
  
postdoctoral	
  and	
  early	
  career	
  fellowships	
  and	
  awards,	
  and	
  
develop	
  appropriate	
  programs	
  to	
  expand	
  undergraduate	
  
exposure	
  to,	
  and	
  K-­‐12	
  awareness	
  of	
  data	
  science.	
  	
  
•  Some	
  examples	
  of	
  poten=al	
  new/enhanced	
  programs:	
  
–  DS	
  fellowships/awards	
  with	
  strong	
  interdisciplinary	
  
component	
  and	
  significant	
  mentorship	
  

–  Undergrad	
  summer	
  programs	
  like	
  NIH	
  Summer	
  Ins=tutes	
  
for	
  Training	
  Biosta=s=cians	
  or	
  dedicated	
  DS	
  REU	
  program	
  

–  Science	
  grant	
  supplements	
  for	
  developing	
  teacher	
  
guidebooks,	
  discovery-­‐based	
  learning	
  modules,	
  expanding	
  
research	
  experiences	
  for	
  teachers	
  

–  Joint	
  programs	
  between	
  EHR	
  and	
  other	
  directorates	
  to	
  
develop	
  science	
  grant	
  supplements	
  based	
  on	
  
fundamental	
  learning	
  principles	
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Workforce	
  
Recommenda)on:	
  Ini?ate	
  a	
  major	
  thrust	
  to	
  support	
  
graduate,	
  postdoctoral	
  and	
  early	
  career	
  fellowships	
  and	
  
awards,	
  and	
  develop	
  appropriate	
  programs	
  to	
  expand	
  
undergraduate	
  exposure	
  to,	
  and	
  K-­‐12	
  awareness	
  of	
  data	
  
science.	
  	
  
•  Some	
  examples	
  of	
  poten=al	
  new/enhanced	
  programs:	
  
–  Programs	
  engaging	
  data	
  scien=sts	
  with	
  other	
  scien=sts:	
  

 Summer	
  conferences,	
  immersive	
  workshops	
  
 Training	
  programs	
  aimed	
  at	
  transferring	
  DS	
  
methodology	
  between	
  fields	
  

 One-­‐semester	
  programs/sabba=cals	
  for	
  data	
  
scien=sts	
  in	
  a	
  subject	
  maFer	
  discipline	
  

 Short	
  courses	
  on	
  proper	
  archiving	
  of	
  data	
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Proposal	
  and	
  Review	
  Cycle	
  
Recommenda)on:	
  When	
  appropriate,	
  in	
  proposals,	
  require	
  
a	
  data	
  analysis	
  plan	
  and	
  a	
  disclosure	
  management	
  plan;	
  and	
  	
  
in	
  review,	
  ensure	
  that	
  there	
  is	
  adequate	
  DS	
  representa?on	
  
on	
  panels.	
  	
  
•  Some	
  examples	
  of	
  poten=al	
  new/enhanced	
  ini=a=ves:	
  
–  The	
  Data	
  Analysis	
  Plan	
  and	
  Disclosure	
  Management	
  
Plan	
  would:	
  
 Expand	
  proposal	
  Data	
  Management	
  Plan	
  
 Avoid	
  duplica=ve	
  development	
  of	
  methods	
  in	
  
mul=ple	
  areas	
  

 Enhance	
  reproducibility	
  of	
  science	
  by	
  detailing	
  how	
  
and	
  when	
  data,	
  sooware,	
  etc.	
  will	
  be	
  made	
  available.	
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USE  OF THE  term “data science” is increasingly 
common, as is “big data.” But what does it mean? Is 
there something unique about it? What skills do “data 
scientists” need to be productive in a world deluged by 
data? What are the implications for scientific inquiry? 
Here, I address these questions from the perspective 
of predictive modeling. 

The term “science” implies knowledge gained 
through systematic study. In one definition, it is 
a systematic enterprise that builds and organizes 
knowledge in the form of testable explanations and 
predictions.11 Data science might therefore imply a 
focus involving data and, by extension, statistics, or 
the systematic study of the organization, properties, 
and analysis of data and its role in inference, 
including our confidence in the inference. Why then 
do we need a new term like data science when we have 
had statistics for centuries? The fact that we now have 
huge amounts of data should not in and of itself  
justify the need for a new term. 

The short answer is data science is different from 
statistics and other existing disciplines in several 
important ways. To start, the raw material, the “data”

part of data science, is increasingly 
heterogeneous and unstructured—
text, images, video—often emanating 
from networks with complex relation-
ships between their entities. Figure 
1 outlines the relative expected vol-
umes of unstructured and structured 
data from 2008 to 2015 worldwide, 
projecting a difference of almost 200 
petabytes (PB) in 2015 compared to a 
difference of 50PB in 2012. Analysis, 
including the combination of the two 
types of data, requires integration, in-
terpretation, and sense making that 
is increasingly derived through tools 
from computer science, linguistics, 
econometrics, sociology, and other 
disciplines. The proliferation of mark-
up languages and tags is designed to 
let computers interpret data automat-
ically, making them active agents in 
the process of decision making. Un-
like early markup languages (such as 
HTML) that emphasized the display 
of information for human consump-
tion, most data generated by humans 
and computers today is for consump-
tion by computers; that is, computers 
increasingly do background work for 
each other and make decisions auto-
matically. This scalability in decision 
making has become possible because 
of big data that serves as the raw mate-
rial for the creation of new knowledge; 
Watson, IBM’s “Jeopardy!” champion, 
is a prime illustration of an emerging 
machine intelligence fueled by data 
and state-of-the-art analytics. 

Data Science 
and Prediction 

DOI:10.1145/2500499

Big data promises automated actionable 
knowledge creation and predictive models  
for use by both humans and computers. 

BY VASANT DHAR 

 key insights

    Data science is the study of the 
generalizable extraction of knowledge  
from data. 

    A common epistemic requirement in 
assessing whether new knowledge is 
actionable for decision making is its 
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USE OF T HE  term “data science” is increasingly 
common, as is “big data.” But what does it mean? Is 
there something unique about it? What skills do “data 
scientists” need to be productive in a world deluged by 
data? What are the implications for scientific inquiry? 
Here, I address these questions from the perspective 
of predictive modeling. 

The term “science” implies knowledge gained 
through systematic study. In one definition, it is 
a systematic enterprise that builds and organizes 
knowledge in the form of testable explanations and 
predictions.11 Data science might therefore imply a 
focus involving data and, by extension, statistics, or 
the systematic study of the organization, properties, 
and analysis of data and its role in inference, 
including our confidence in the inference. Why then 
do we need a new term like data science when we have 
had statistics for centuries? The fact that we now have 
huge amounts of data should not in and of itself  
justify the need for a new term. 

The short answer is data science is different from 
statistics and other existing disciplines in several 
important ways. To start, the raw material, the “data”

part of data science, is increasingly 
heterogeneous and unstructured—
text, images, video—often emanating 
from networks with complex relation-
ships between their entities. Figure 
1 outlines the relative expected vol-
umes of unstructured and structured 
data from 2008 to 2015 worldwide, 
projecting a difference of almost 200 
petabytes (PB) in 2015 compared to a 
difference of 50PB in 2012. Analysis, 
including the combination of the two 
types of data, requires integration, in-
terpretation, and sense making that 
is increasingly derived through tools 
from computer science, linguistics, 
econometrics, sociology, and other 
disciplines. The proliferation of mark-
up languages and tags is designed to 
let computers interpret data automat-
ically, making them active agents in 
the process of decision making. Un-
like early markup languages (such as 
HTML) that emphasized the display 
of information for human consump-
tion, most data generated by humans 
and computers today is for consump-
tion by computers; that is, computers 
increasingly do background work for 
each other and make decisions auto-
matically. This scalability in decision 
making has become possible because 
of big data that serves as the raw mate-
rial for the creation of new knowledge; 
Watson, IBM’s “Jeopardy!” champion, 
is a prime illustration of an emerging 
machine intelligence fueled by data 
and state-of-the-art analytics. 
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